We examined the relationships between lightning-fire-prone environments, socioeconomic metrics, and documented use of broadcast fire by small-scale hunter-gatherer societies. Our approach seeks to re-assess human-fire dynamics in biomes that are susceptible to lightning-triggered fires. We quantify global lightning-fire-prone environments using mean monthly lightning and climatological flammability, and then compare how well those environments and socioeconomic variables (population density, mobility, and subsistence type) serve as predictors of observed broadcast fire use from the ethnographic data. We use a logistic model for all vegetated, forested, and unforested biomes. Our global analysis of human-fire-landscape interaction in three hundred and thirty-nine hunter-gatherer groups demonstrates that lightning-fire-prone environments strongly predict for hunter-gatherer fire use. While we do not maintain that lightning-fire-prone environments determine the use of fire by small societies, they certainly appear to invite its use. Our results further suggest that discounting or ignoring human agency contradicts empirical evidence that hunter-gatherers used fire even in locations where lightning could explain the presence of fire. Paleoecological research on fire and hypothesis testing using global fire modeling should consider insights from human ecology in the interpretation of data and results. More broadly, our results suggest that small-scale societies can provide insight into sustainable fire management in lightning-fire-prone landscapes.
Introduction
Biogeographers and ecologists have long debated the evolutionary importance of the human use of broadcast landscape fire (broadcast fire use or "BFU") in the composition, spatial patterning, and distribution of vegetation across the globe [1] [2] [3] [4] . Vegetation in lightning-fire-prone (LFP) landscapes evolved under the influence of fire, long before the arrival of humans [5, 6] . However, as fire-wielding ecosystems engineers [7] , humans and their ancestors potentially influenced the ecological trajectories of the terrestrial biomes that they have inhabited since at least the Middle Pleistocene (ca. 800,000 years ago) [6] . Indeed, broadcast fire use had striking effects in biomes that did not evolve under frequent fire disturbance [8] . In spite of these and other efforts concerned with empirically disentangling the human from the non-human influences on fire regimes, the nature and scope of the imprint of past settlement and land use on fire regimes and vegetation remains an open question in many regions [4] . population density, LFP is also a significant predictor of BFU in Forested biomes. We conclude that research related to historical fire regimes at sub-continental scales should attempt to falsify the potential effects of human behavior before declaring the primacy of natural factors, especially in LFP environments.
Materials and Methods

Socioeconomic and Broadcast Fire Use Data
To avoid conflation between the various types of human-environment interactions, we limited our study to small-scale societies that almost exclusively relied on hunting and gathering for their livelihoods. This eliminated groups that use fires to clear vegetation for agriculture and pasture, a nearly ubiquitous practice among traditional agricultural peoples. We created a geodatabase of extant or historically documented small-scale societies using Binford's [25] global dataset of three hundred and thirty-nine hunter-gatherer groups (See Supplementary S1, Table S1 .1 in Supplementary Files). We then conducted a systematic review of ethnographic and historical literature, searching for documentation of fire use for each of the three hundred and thirty-nine groups. We relied heavily, but not exclusively, on four previously compiled syntheses [26] [27] [28] [29] . It should be emphasized that our dependent variable is "documentation" of BFU and not frequency or magnitude of fire use. In other words, we modeled associations related to whether or not hunter-gatherers were observed using fire. This also means that the absence of an observation of BFU for any given group should not be taken as empirical confirmation that a group did not use fire. Nevertheless, we argue that independent of the spatial and ecological scale of its effects, documentation of the presence of the practice itself can be taken as a reasonably reliable proxy for the proclivity of a small-scale society to use fire. In addition, Binford's three hundred and thirty-nine groups have been systematically investigated by a variety of ethnographers at details sufficient for estimating percentages of diet from hunting, gathering, and fishing. Although fire use was not a main focus of these observations, researchers certainly had the opportunity to note it.
We represented the presence or absence of a documented BFU as a binary variable (1 = positive observation of BFU, 0 = no documented observation) (Supplementary S1, Table S1.1). We limited the criteria for presence of "fire use" to observations of routine and intentional uses of broadcast fire. Broadcast fires are set with a goal of spreading across a landscape, even if burning is not the primary objective. Therefore, examples of "domestic" fire use such as cooking, warming, signaling (by means of smoke), or processing material such as lithics or ceramics, did not qualify as "BFU" since these fires were meant to be spatially confined. Although instances of fire use in warfare might be considered BFU, we did not count these observations since warfare was not generally "routine" among most hunter-gatherers. We discarded vague references that did not adequately describe BFU or that did not specifically name the "band" level sociopolitical groups referenced by Binford. In total, we located references documenting the use of broadcast landscape fire for one hundred and fifty-six of Binford's three hundred and thirty-nine hunter-gatherer groups (Supplementary S1, Table 1 .2).
High flexibility and plasticity of human subsistence strategies means that human-environment interactions vary across geographic and sociocultural domains [30] . Sociocultural variability is high between groups, even where they share the most fundamental mode of production, e.g., hunting and gathering [31] . According to this theory, incentives to use BFU in LFP environments should be modulated by environmental factors related to biome and fuel type, as well as socioeconomic factors related to population density, subsistence type (e.g., relative percentage of diet from gathering plants vs. hunting animals), and settlement mobility patterns. Consequently, in our logistic regression analysis, we stratified our analysis by biome type (see below) and included socioeconomic variables derived from Binford's original hunter-gatherer dataset (See Supplementary S1, Table S1.1).
Biomes
To account for differences in biome and fuel type that affect fire regimes and cultural choices related to fire, we split the analysis into three groups: (1) All data, (2) Forested biomes, (3) Unforested biomes. The biome data, taken from Levavasseur et al. [32] , provides two "potential natural vegetation" (PNV) states comprising the first and the second most probable biome. To classify a site as Forested, the grid cell had to have tropical forest, warm temperate forest, temperate forest, or boreal forest, in one or both PNV categories. The Unforested biome was defined as a grid cell when both PNV categories are not one of the forested biome types, and captures cold desert, tundra, grasslands, savanna, desert, and warm desert biomes. The broadly-defined Forested and Unforested superbiomes account for 71% and 29% of the present-day global fire, respectively (e.g., [11, 33] ). Figure 1 shows the location of Binford's small-scale societies overlaid on the Forested and Unforested biomes we created, using Levavasseur et al. [32] . grasslands, savanna, desert, and warm desert biomes. The broadly-defined Forested and Unforested superbiomes account for 71% and 29% of the present-day global fire, respectively (e.g., [11, 33] ). Figure 1 shows the location of Binford's small-scale societies overlaid on the Forested and Unforested biomes we created, using Levavasseur et al. [32] . 
Biophysical Data
Biophysical data sets used in this study were lightning distributions and vapor pressure deficit. All data were analyzed using mean monthly values gridded to 0.5 by 0.5 degree latitude by longitude.
Lightning data was from the Lightning Imaging Sensor (LIS) on the Tropical Rainfall Measuring Mission (TRMM) satellite and the Optical Transient Detector (OTD) on the Microlab-1 satellite [34] . We used the High Resolution Monthly Climatology OTD-LIS combined data product which was distributed at a half degree spatial resolution and derived from the LIS and the OTD data collected between 1995 and 2015 (See Supplementary Files, Supplementary S2, Figure S2 .1).
Flammability was determined using the vapor pressure deficit (VPD) calculated using the saturation vapor pressure and relative humidity from Sheffield et al. [35] , and mean monthly values were calculated using data from the years 1948 to 2008 (http://hydrology.princeton.edu/data.pgf.php). Similar to fire models, flammability was calculated using a Gompertz (generalized logistic) function of the generic form, as is given below. = where was VPD (ℎ ), was the flammability index, and and were fitting coefficients (See Supplementary S2, Figure S2 .2) that captured behavior similar to past literature (e.g., [36] [37] [38] ), all of which had roots in common flammability indices such as the Chandler Burning Index. The flammability index varied between 0 and 1 and followed an S-shaped curve to mimic the thresholdlike behavior of flammability in response to changes in VPD (e.g., [38] ).
Spatially-explicit temporal correlation of the mean monthly flammability (See Supplementary S2, Figure S2 .3) and lightning was calculated to produce a map of correlation coefficients (Figure 2) , which showed where the seasonality of lightning and flammability was aligned regardless of whether fires actually occurred. In other words, a location where the season of highest lightning was the season of highest flammability would have high temporal correlation value. The map in Figure 2 provides a way to quantitatively discriminate the global landscape into regions that were and were not lightning-fire prone; this data was referred to as the LFP map, noting that we also discussed the 
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f (X) = e −ae −bX where X was VPD (hPa), f (X) was the flammability index, and a and b were fitting coefficients (See Supplementary S2, Figure S2 .2) that captured behavior similar to past literature (e.g., [36] [37] [38] ), all of which had roots in common flammability indices such as the Chandler Burning Index. The flammability index varied between 0 and 1 and followed an S-shaped curve to mimic the threshold-like behavior of flammability in response to changes in VPD (e.g., [38] ). Spatially-explicit temporal correlation of the mean monthly flammability (See Supplementary S2, Figure S2 .3) and lightning was calculated to produce a map of correlation coefficients (Figure 2 ), which showed where the seasonality of lightning and flammability was aligned regardless of whether fires actually occurred. In other words, a location where the season of highest lightning was the season of highest flammability would have high temporal correlation value. The map in Figure 2 provides a way to quantitatively discriminate the global landscape into regions that were and were not lightning-fire prone; this data was referred to as the LFP map, noting that we also discussed the choice of LFP definition in Section 4.1. , and the socioeconomic variables. The socioeconomic variables and the temporal correlation coefficients from the LFP map were the predictors in the logistic model. We also ran the logistic regression for each of the three biomes ( Figure 1 ) to produce three models. The objective in every regression was to produce a model to effectively predict the binary response vector, which was BFU. To evaluate the results of the logistic regression and the strength of individual predictors, we used the fit coefficients, standard error in the coefficients, Z statistics, and the p-values. The Z statistic is the ratio of the fit coefficient with the standard error in the fit coefficient, so it is a relatively compact way to assess the strength of any particular predictor variables. An absolute value of Z less than one would indicate that the fit coefficient for that predictor is not significantly different than zero (i.e., little to no predictive power for BFU). Negative Z values indicate an inverse dependence on the predictor. Absolute values of Z greater than two indicate a relatively strong predictor, and generally, the higher the magnitude of Z, the higher the predictive strength. Initial testing showed that several socioeconomic variables (see Supplementary S1, Table S1 .3) did not return Z greater than one and were excluded from further testing. The predictors with the highest Z values were Gathering, Population density, and the LFP map. Table 1 shows the results of the regression for the logistic models for All biomes (Global Model), the Unforested biomes, and the Forested biomes. Figure 3 graphically displays the Z statistics for each coefficient. These results show that the LFP map is the strongest predictor of BFU for All biomes and Unforested biomes, but that population density is the strongest predictor of BFU for the Forested biomes. The strength of other predictors varied as a function of biome. Gathering, for example, was a relatively strong predictor for All and the Unforested biomes. LFP was a relatively strong predictor of BFU in Forested biomes. 
Results
Geodatabase and Logistic Regression
For each culture group's point location (Figure 1) , we extracted the correlation coefficient from the LFP map. We then used binary logistic regressions to model the relationships between BFU, the LFP map (Figure 2) , and the socioeconomic variables. The socioeconomic variables and the temporal correlation coefficients from the LFP map were the predictors in the logistic model. We also ran the logistic regression for each of the three biomes ( Figure 1) to produce three models. The objective in every regression was to produce a model to effectively predict the binary response vector, which was BFU.
To evaluate the results of the logistic regression and the strength of individual predictors, we used the fit coefficients, standard error in the coefficients, Z statistics, and the p-values. The Z statistic is the ratio of the fit coefficient with the standard error in the fit coefficient, so it is a relatively compact way to assess the strength of any particular predictor variables. An absolute value of Z less than one would indicate that the fit coefficient for that predictor is not significantly different than zero (i.e., little to no predictive power for BFU). Negative Z values indicate an inverse dependence on the predictor. Absolute values of Z greater than two indicate a relatively strong predictor, and generally, the higher the magnitude of Z, the higher the predictive strength. Initial testing showed that several socioeconomic variables (see Supplementary S1, Table S1.3) did not return Z greater than one and were excluded from further testing. The predictors with the highest Z values were Gathering, Population density, and the LFP map. Table 1 shows the results of the regression for the logistic models for All biomes (Global Model), the Unforested biomes, and the Forested biomes. Figure 3 graphically displays the Z statistics for each coefficient. These results show that the LFP map is the strongest predictor of BFU for All biomes and Unforested biomes, but that population density is the strongest predictor of BFU for the Forested biomes. The strength of other predictors varied as a function of biome. Gathering, for example, was a relatively strong predictor for All and the Unforested biomes. LFP was a relatively strong predictor of BFU in Forested biomes. Figure 4 shows the value of BFU predicted by the logistic model for each of the three biomes partitioned into categories when observed BFU is 0 or 1, but we emphasize again that the absence of an observation of BFU cannot be taken as empirical confirmation that a group did not use fire. The converse is, however, also true-there is much greater certainty about BFU = 1 being accurate than BFU = 0. Thus, the focus in our discussion is on the strength of the model in predicting BFU = 1. All three models tended to produce a higher BFU when observed BFU = 1, and a lower BFU when Figure 4 shows the value of BFU predicted by the logistic model for each of the three biomes partitioned into categories when observed BFU is 0 or 1, but we emphasize again that the absence of an observation of BFU cannot be taken as empirical confirmation that a group did not use fire. The converse is, however, also true-there is much greater certainty about BFU = 1 being accurate than BFU = 0. Thus, the focus in our discussion is on the strength of the model in predicting BFU = 1. All three models tended to produce a higher BFU when observed BFU = 1, and a lower BFU when observed BFU = 0, as was evident from the median values of the respective distributions (Figure 4) . The distributions were all statistically different (via analysis of variance metrics), but BFU in the Unforested biomes was particularly well-predicted by LFP and Gathering (Figure 3) . About 42% of the three hundred and thirty-nine sites are in Western North America (WNA [between 30 and 55 N latitude, and 100 and 135 W longitude, Figure 5] ), so to evaluate the influence of this sub-region on the overall results, we ran the logistic regression model against subsets of the data that excluded a randomized selection and random number of sites from WNA. Each model was run a thousand times under differing randomization scenarios, and Figure 5 shows the Z statistic plotted as a function of the amount of data from WNA that was included for the different biomes. About 37% of the two hundred and seven sites in the Forested biomes are in WNA, and 48% of the hundred and thirty-two sites in the Unforested biomes are in WNA. When All biomes were considered together (Figure 5a ), the LFP map remained the strongest predictor of BFU even when over 60% of the WNA data was excluded. Population density was the strongest predictor of BFU in the Forested biomes (Figure 5b ) regardless of how much of WNA was excluded, but the model itself performed relatively poorly (Figure 4 ). For Unforested biomes (Figure 5c ), which have the highest proportion of data in WNA, the logistic regression showed that LFP and Gathering were always the strongest predictors even when large fractions of WNA data was excluded. These results suggest that About 42% of the three hundred and thirty-nine sites are in Western North America (WNA [between 30 and 55 N latitude, and 100 and 135 W longitude, Figure 5] ), so to evaluate the influence of this sub-region on the overall results, we ran the logistic regression model against subsets of the data that excluded a randomized selection and random number of sites from WNA. Each model was run a thousand times under differing randomization scenarios, and Figure 5 shows the Z statistic plotted as a function of the amount of data from WNA that was included for the different biomes. About 37% of the two hundred and seven sites in the Forested biomes are in WNA, and 48% of the hundred and thirty-two sites in the Unforested biomes are in WNA. When All biomes were considered together (Figure 5a ), the LFP map remained the strongest predictor of BFU even when over 60% of the WNA data was excluded. Population density was the strongest predictor of BFU in the Forested biomes (Figure 5b ) regardless of how much of WNA was excluded, but the model itself performed relatively poorly (Figure 4 ). For Unforested biomes (Figure 5c ), which have the highest proportion of data in WNA, the logistic regression showed that LFP and Gathering were always the strongest predictors even when large fractions of WNA data was excluded. These results suggest that while the findings relied in part on WNA, they were generalizable to the global scale for both Forested and Unforested biomes. while the findings relied in part on WNA, they were generalizable to the global scale for both Forested and Unforested biomes. 
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Broadcast Fire Use and Lightning Fire-Prone Environments
Our analysis demonstrates at the global level, that LFP environments are the best predictors for documented BFU. LFP and Gathering are the best predictors of BFU in Unforested biomes, and the 
Discussion
Broadcast Fire Use and Lightning Fire-Prone Environments
Our analysis demonstrates at the global level, that LFP environments are the best predictors for documented BFU. LFP and Gathering are the best predictors of BFU in Unforested biomes, and the model has a relatively robust predictive skill for BFU (Figure 4) . The model for Forested biomes has a lower predictive skill for BFU even though population density is the strongest predictor (Figure 3) . The ascendance of population density over LFP in Forested biomes may have been caused by sample bias since boreal and tropical forests are over-represented with respect to temperate forests in the modern hunter-gatherer database. As a consequence, much of our forested sample would have long fire return intervals (FRI) even where the seasonality of lightning and flammability were aligned. We compiled results using a definition of LFP that depends on modeled FRI [39] as a scaling factor, but found that the overall conclusions we discussed in this section were unchanged (See Supplementary S2, Figure S2 .4). We also suggest that our methodology is better served by explicitly excluding wildfire (i.e., non-BFU fires), modeled or observed, in our logistic regression since current wildfire regimes (including lightning ignition rates) are potentially altered where hunter-gatherer BFU is no longer being practiced or has been modified in response to colonialism or other socioeconomic factors.
While we do not suggest that LFP environments determine whether or not hunter-gatherers used fire, they nevertheless appear to invite its use and active management. This finding is consistent with our hypothesis that humans should be more likely to use fire in LFP environments. Indeed, given sufficient knowledge about fire, its behavior, and its ecological effects, controlling the fire regime is probably one of the most-efficient ways to achieve short-term subsistence goals (e.g., driving game) and to reduce longer term uncertainties associated with the timing, location, and severity of lightning-caused fires, which can severely damage crucial subsistence resources.
Our results also show that the predictive strength of Population density and percentage of subsistence from Gathering varies according to the modeled biome. The significance of these socioeconomic metrics suggests that these semi-quantifiable human dimensions do indeed affect the prevalence of fire use practices in small-scale societies. They also suggest that over the long term, feedback between the sociocultural practices and their ecological effects were positive. For example, globally and in Unforested biomes, the more reliant a society is on gathered foods (i.e., vegetation), the more likely they are to have been observed using a broadcast fire. Similarly, in Forested biomes, higher population densities positively predict for BFU. Given the directionality of these relationships, it is difficult to reason that BFU had negative effects on the society's resource-base or its demographic trajectory. These results suggest that the use of fire in LFP environments may confer subsistence advantages to societies who wield it, even if those advantages are unintentional [24, 40] . One of the principal evolutionary processes driving the transition from hunting and gathering to agriculture is hypothesized to be positive socioecological feedback between demography, economic intensification, and ecosystem engineering activities, such as BFU. Indeed, globally, the vast majority of LFP-Forested biomes have been occupied by agriculturalists for at least the past two millennia.
Implications for Global Fire Studies
Global fire modeling [13] seeks to model the physical and human factors influencing spatiotemporal patterns of fire around the world, while the majority of paleofire studies (via sedimentary charcoal records, for example) [41] look to understand the influence of large-scale climate and cultural variability on proxy records of fire. These discussions have often concluded that seasonal burned area can be explained by lightning seasonality (e.g., Rabin et al. [13] ) and that multiyear to multicentennial burned area can be explained by climate variability [42] ) The effects of humans on fire regimes are either considered undetectable in the proxy records (e.g., Power et al. [43] ) or are modeled as a population-based scaling factor [13] . However, our analysis quantitatively demonstrates that human presence does not translate to a uniform, scalable effect on the fire regime.
Due to the well-justified concerns about industrial and agriculturally-driven forest conversion, paleoecological research often searches for asynchronous shifts in vegetation-climate dynamics that might indicate historical examples of human-fire driven forest degradation. Maori use of fire in the conversion of New Zealand's closed-canopy forest to shrub-and grass-land is one of the more dramatic examples of such historically conspicuous vegetation shifts [8] . However, our findings suggest that BFU by non-farming small-scale societies might more commonly be associated with environmental conditions where vegetation is already fire-adapted.
Ethnographic evidence suggests hunter-gatherer fires differ from fires ignited by lightning in important but subtle ways-they are most often of a lower intensity and are smaller in areal extent [44, 45] . In comparison to a lightning-dominated fire regime, anthropogenic burning in biomes as diverse as the West African Savanna and the Western Australian Desert produces finer-scaled vegetation patterns that attenuate the severity of the fire regime at a landscape scale [45, 46] . Thus, even where extensive BFU does not cause changes in vegetation types, anthropogenic fire can still have significant ecological effects on the landscape mosaic, disturbance processes, and the population dynamics of both flora and fauna.
To best understand the many dimensions of human-climate-fire interactions via a functional relationship in global fire modeling, or as interpreted from paleofire records, a more explicit consideration of human ecology is required. Our results combined ethnographic and biophysical data in a formal statistical model and suggest a possible way forward. While the way forward cannot be perfectly quantified by our results alone, we showed that modeling the occurrence and spread of fire even on LFP landscapes must endeavor to account for the role of human agency. Our findings and suggestions are consistent with a modeling effort that attempt to capture time-varying human-fire interactions [39] , and with concerns expressed by studies that consider the intersection of modern-day fire data, global fire modeling strategies, and paleofire data [12, 47] . We hope to advance the discussion with methods and results that quantitatively connect physical and cultural fire geographies.
Conclusions
In this paper, we investigated the pyrogeography of circumstances under which people use broadcast fire and found that lightning-fire prone (LFP) landscapes in Forested and Unforested biomes were the best predictors of broadcast fire use (BFU). We do not suggest that LFP environments determine whether or not a hunter-gatherer group made use of fire, but rather, the landscape invited the use of fire for active management. This evidence stands in contradiction to any assertion that humans in small-scale societies did not, or could not, actively manage fire in lightning-ignition saturated landscapes.
Our results point to the conclusion that the strongest predictor of hunter-gatherers BFU is an LFP landscape. As many LFP environments are already fire-adapted, human fire use might not always manifest itself as a conspicuous ecological disruption. The fact that the human signal in paleofire archives might not be conspicuous could explain why paleofire research has identified so few instances where small-scale societies have clearly altered fire regimes. Rather than dismissing the importance of humans to fire regimes in LFP environments, we argue that our results point to the need for a closer consideration of historical human-environment interactions, particularly in lightning-fire-prone landscapes. Indeed, conspicuous divergence from expected "natural" patterns, at least at certain spatial resolutions might not be a clear litmus for human-fire-landscape interaction.
As the term Anthropocene becomes increasingly common in environmental science literature, it bears keeping in mind that humans have coexisted and coevolved with fire, in many of Earth's fire-prone biomes. It is clear that broadcast fire use, at least by small-scale societies, did not always disrupt fundamental aspects of the ecological dynamics of Earth's biomes. Consequently, rather than viewing the fire practices of small-scale societies as humanity's "first physical conquest" [48] , we might instead discover that they hold some key insights for sustainable fire management of fire-prone environments.
Supplementary Materials: The following are available online at http://www.mdpi.com/2571-6255/1/3/41/s1, Supplementary S1: Socioeconomic and broadcast fire use documentation data; Table S1.1. Binford's (2002) hunter-gatherer societies, locations, socioeconomic and biophysical variables used in the logistic regression. Table S1 .2. Sources for documentation of broadcast fire use among Binford's hunter gatherers (presence of BFU only). Table S1 
